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Abstract 
Inspection analysis of 3D objects has progressed significantly due to the evolution of advanced sensors. Current sensors facilitate 
surface scanning at high or low resolution levels. In the inspection field, data from multi-resolution sensors have significant 
advantages over single-scale data. However, most data fusion methods are single-scale and are not suitable in their current form 
for multi-resolution sensors. Currently the main challenge is to integrate the diverse scanned information into a single geometric 
hierarchical model. In this work, a new approach for data fusion from multi-resolution sensors is presented. In addition, a 
correction function for data fusion, based on statistic models, for processing highly dense data (low accuracy) with respect to 
sparse data (high accuracy) is described. The feasibility of the methods is demonstrated on synthetic data that imitates CMM and 
laser measurements. 
© 2014 The Authors. Published by Elsevier B.V. 
Selection and peer-review under responsibility of the International Scientific Committee of “24th CIRP Design Conference” in the person of 
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1. Introduction 
Inspection analysis of 3D objects has progressed 
significantly due to the evolution of advanced sensors. 
Today’s sensors facilitate surface scanning at both high and 
low resolution levels. Fusion of multi-sensor data has 
significant advantages over single source data [1-7]. The 
concept of data fusion is taken from the capability of living 
organisms to use multiple senses in order to learn their 
environment. The brain fuses all this available information to 
perform a decision task [2, 6]. For sensors, integrating this 
diverse information remains a major challenge. Most data 
fusion methods for multi-sensors are highly application-
oriented, and their generalization is problematic.  
The multi-sensors facilitate surface scanning for obtaining 
low density high accuracy (LD-HA) and high density low 
accuracy (HD-LA) data.  LD-HA data is usually acquired by a 
CMM touch probe, while HD-LA data is acquired by laser. 
Due to their different accuracies, these data sets can be 
referred as a multi-resolution data set. Applying data fusion 
methods on multi-resolution data yield an accurate model 
with detailed features. The HD-LA data is processed and its 
accuracy is improved according to the LD-HA data, resulting 
in an accurate preservation of the original 3D shape. 
In this paper we present the Point of Interest approach, 
developed for multi-resolution data fusion (Technion). In this 
approach, Shape Histograms are used for point matching and 
data fusion [8, 22]. Further, we present here, a novel 
correction function based on statistic models (Politecnico di 
Milano- Polimi), which consists of locally correcting the HD-
LA data using the few LD-HA data as local attractors. In this  
process, Kriging also known as Gaussian process is used as 
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correction model [9, 18, 23-24]. Hence, HD-LA data is 
corrected using this correction function before it is integrated 
with the LD-HA data and the improved 3D multi-resolution 
model is reconstructed.  
 
 
The model reconstruction is presented in the scheme by the 
dotted blocks as shown in Fig. 1. The feasibility of the 
methods is demonstrated on a real windmill gearbox 
(provided by Gamesa [20]). 
 
 
 
 
Fig. 1. Framework outline for Multi-Sensor Multi-Resolution Data Fusion. 
2. Approach 
In this paper, approaches developed for multi-resolution 
data fusion by Technion and Polimi, are described. First the 
HD-LA data is corrected (Polimi). Then, the corrected HD-
LA data is integrated with the LD-HA data into a multi-
resolution model (Technion). 
2.1. Point of Interest Approach - Technion 
In this section we present the Point of Interest multi-
resolution data fusion approach that has been developed (Fig. 
1). It is based on detection of Regions of Interest (ROI) and 
Points of Interest (POI). The POIs allow alignment between 
the different models and fusing the data efficiently. The ROIs 
on data sets are detected, based on Shmukler and Fischer [21]. 
POIs are then found for each data set. The sets of sampled 
data are matched using Shape Histograms [14]. Shells and 
spherical sectors are built for the POIs. For each POI, the 
surface area of the sub-shells is defined. The histograms are 
then calculated for each sub-shell and a correlation map 
between histograms is built. 
The proposed approach deals with two types of noisy 
sampled data: (a) high resolution (LD-HA) data that is very 
accurate but sparse, and (b) low resolution (HD-LA) data that 
is less accurate but dense. Hence, LD-HA data is much more 
reliable than HD-LA data. Two types of merging approaches 
were used: (a) selective merging and (b) retentive merging.  In 
selective merging, only selective points from each set of 
sampled data are added to the merged model, based on 
Euclidian distances. In retentive merging, all points from both 
sets of sampled data are added to the merged model. 
The multi-resolution data fusion method and preliminary 
results based on synthetic models generated in commercial 
CAD software (SolidWorks) were presented at the CIRP 
Design 2013 conference in Bochum, Germany [8]. In this 
work we demonstrate the implementation of the method on a 
CAD model of a mechanical part, windmill gearbox of 
Gamesa [20].   
2.2. Gaussian Processes Approach - Polimi  
Data from different sources are more and more often used 
for surface reconstruction [16]. The approach proposed by 
Polimi implements a merging process, where the LD-HA 
points are used as local attractors for the high density HD-LA 
points, in a two-stage hierarchical statistical model. 
It is assumed that both the LD-HA and HD-LA data sets 
have already been correctly localized within the same 
coordinate system, i.e. that the registration problem has been 
solved. This task can be solved using the Technion approach 
ROI and POI detection 
 
 
 
Merging and reconstruction of the multi-scale model 
Finding Corresponding 
Points of Interest  
Shape Descriptor 
Computation 
Sampling by 
CMM (High res.) 
LD-HA data 
Sampling by 
laser (Low res.) 1 
HD-LA data 1 
Acquisition from 
multiple sensors 
Data 
Feature Detection 
Matching between 
data from multiple 
scales  
Sampling by 
laser (Low res.) 2 
HD-LA data 2 
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based on POIs (see 2.1) or an alternative method as the one 
proposed in [17]. 
This data fusion method originates from the approach 
proposed in [18] to register or align data provided by different 
measurement systems. Colosimo et al. [9, 23, 24] presented a 
similar approach to enhance surface reconstruction via 
multisensory data fusion. The approach consists of a two-
stage model. At the first level, the Kriging Gaussian process is 
used considering HD-LA data only, similarly to what is 
proposed in [19] in the field of Statistical Process Control. At 
the second stage a correction model is used to locally adjust 
the first-stage surface reconstruction (based on HD-LA data 
only) taking advantage of the highest resolution offered by the 
LD-HA data. This correction stage improves predictions. The 
statistical method obtains uncertainty of the reconstruction at 
any location in terms of a prediction interval. 
This approach was extended to the B-Spline correction 
function (Technion). In the CAD field, a B-Spline is 
a Spline function with local support with respect to a degree 
parameter [10-11]. Every polynomial function of a given 
degree can be uniquely represented as a linear combination of 
B-Splines of that same degree and smoothness. In fact, a B-
Spline function can be considered a low-pass filter [12-13], so 
that B-Spline curves/surfaces can be used as a correction 
function for HD-LA data. Finally, mesh is created for 
reconstructing a hierarchical model from the multi-resolution 
cloud of points. 
2.3. Joint Approach – Technion and Polimi  
The two data fusion approaches, the Point of Interest 
approach and the Gaussian Processes Approach can be 
integrated and improve the mesh reconstruction process. For 
example, feature detection can be based on Shape Histograms 
and POIs\ROIs. Matching can be based on correlation maps 
by using the proposed Gaussian processes correction function. 
Matching between data sets can be based on combined 
correction function that includes statistic models.  The 
feasibility of this joint approach can be seen from 
implementations of these stand-alone approaches sequentially 
on the same scanned data.  
3. Implementation 
The multi-sensor data fusion methods are applied on the 
CAD model of a real windmill gearbox with diameter of 
about 1300 mm and depth about 1200 mm, as demonstrated in 
Fig. 2 [20]. The POI process (Technion) consists of two main 
stages: (a) pre-processing (Section 3.1) and (b) data fusion 
(section 3.2). The Data Knowledge extraction and modelling 
by using multi-sensor data fusion (Section 3.3) was developed 
for multi-sensor data fusion (Polimi).  
3.1. Pre-processing  
To demonstrate the feasibility of the POI method, the CAD 
model was taken as a base (Techion). Next, two meshes were 
generated, a sparse mesh containing approximately 10000 
points, and a dense mesh containing approximately 30000 
points. Note that the meshes were not uniformly distributed. A 
denser mesh was generated in areas containing small details, 
such as holes, fillets and corners, where a sparser mesh was 
generated in areas that were more flat. Noise was artificially 
added to both meshes. The noise was of uniform distributed 
magnitude in each axis and then projected to normal direction 
of each point. In order to mimic acquisition methods output of 
a laser scanner and a touch probe, the noise maximum 
magnitude in the dense mesh was four times larger 
(0.004mm) than the magnitude of the sparse mesh.(0.001mm). 
The models containing the noise are depicted in Fig. 3 (a-b). 
Then, the error map of the noisy models with respect to the 
CAD model alongside a histogram of the error percentage is 
shown in Fig. 3 (c-d). High error values correspond to areas 
colored in red, and low error to areas colored in blue.  
3.2. Data Fusion 
In the second stage Points of Interest (POIs) were selected 
in an automated process relying on the topological properties 
of the models (Technion). POIs are represented as black 
points on the mesh in Fig. 4 (a-b). Next, a matching process 
was applied to select POIs that appear in both models. The 
corresponding POIs are depicted in Fig. 4 (c-d). Finally, an 
automated fusion algorithm was executed using both models 
and the extracted POIs. The output of this process is a merged 
model depicted in Fig. 5 (a).  
 
(a) 
 
(b) 
 
Fig. 2. Windmill gearbox of Gamesa (a) The upper part of the CAD model (b) 
Drawing of the part  
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The merged model essentially adopts the most accurate 
points from each of the models and achieves higher accuracy 
when compared to the CAD model. It can be seen that the 
merged model preserves all important features of the initial 
models. An error map and histogram of the merged model 
with respect to the CAD model is presented in Fig. 5 (b-c). It 
can be seen that when the framework is provided with high 
quality scans from the multi-sensors, a high quality fused 
model is generated. A more detailed explanation can be found 
in [8]. The resulting mesh can be used as a model for analysis 
and visualization. 
 
 
  
(a) (b) 
 
 
(c) (d) 
Fig. 3. Windmill gearbox of Gamesa (a) Sparse mesh with low noise, LD-HA data (touch probe sensor) (b) Dense mesh with high noise, HD-LA dta (Laser 
scanner) (c) Error map and histogram of touch probe sensor (d) ) Error map and histogram of laser scanner. 
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(a) (b) 
  
(c) (d) 
Fig. 4. Windmill gearbox of Gamesa Selected POI which were sampled by (a) a touch probe sensor (b) a laser scanner. Matching points of interest that were 
sampled by (c) a touch probe scan (d) a laser scanner. 
  
(a) (b) (c) 
Fig. 5. Windmill gearbox of Gamesa : (a) Merged model (b) Error map of the merged model (c) Error histogram 
3.3. Data Knowledge extraction and modeling by using multi-
sensor data fusion 
This section describes the approach that was for multi-
sensor data fusion (Polimi). It was demonstrated on the 
windmill gearbox shown in Fig. 2 [20]. 
 
3.3.1. Multiresolution point cloud  
 
Synthetic datasets were used as starting reference for the 
data fusion and refer to the work piece shown in Fig. 6 (a). 
Two points clouds obtained via laser scanner at different 
density were firstly available. We will refer to these data sets 
as HD and LD data, only. We will firstly fuse these data sets 
and then combine the result with (simulated) contact data, 
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referred to as LD-HA data.  
Back to the two LD and HD data sets acquired via laser 
scanner, the approach proposed in [9, 23] to fuse point clouds 
was firstly used. In particular, data fusion was carried out with 
reference to the two cylindrical features shown in Fig.6 b-c. 
Fig. 7 shows the results of the fusion approach. In 
particular, the fusion model attempts to connect the data at 
different resolution. The local discrepancy between the two 
data sets is shown in Fig. 7 as an error map, where it is clear 
that the error is high at regular angles of the cylinder. This 
discrepancy was due to way in which HD data were acquired. 
In fact, it was acquired as a set of four separate point clouds, 
each referring to a quarter of the original cylinder. Besides to 
the discrepancy observed at regular angles, a second effect 
was also observed along the cylinder height. This effect is 
shown in Fig. b, where the discrepancy map is illustrated on 
one quarter of the cylinder A. It can be observed that the 
discrepancy increases as one moves from the bottom to the 
top of the cylinder. A similar situation characterizes the 
discrepancy map obtained by fusing data sets measured on 
cylinder B (Fig. 8).  
As a main result of the fusion procedure, we decided to 
concentrate the effort on a registration procedure aimed at 
realigning each quarter of the cylindrical surface, starting 
from the four HD point clouds. 
 
3.3.2. Registration of HD point clouds 
 
Fig. 9 shows the cylinder radius U observed along the cylinder 
height as a function of the angular position T. In this plot, a 
perfect cylinder should correspond to a horizontal line, i.e. the 
radius should be constant, despite of the angular position and 
the height.  
In order to realign the four point clouds, a feature-based 
procedure was used. For each cylinder quarter, the 
corresponding cylinder portion was fitted and the 
corresponding axis computed. Then the four axes were 
overlapped to achieve the final alignment of the four cylinder 
portions. Fig. 11 and Fig. 12 show the results of the alignment 
procedure.    
3.3.3. Simulating contact and contactless data fusion 
 
In order to show potential advantages of multisensor data 
fusion, contact LD-HA data points were simulated, as 
obtained by the touch probe that is going to measure the final 
shape on the lathe-machine and/or the CMM available on the 
shop floor. A sample of 50 contact data points were ideally 
measured on a perfect cylinder whose nominal radius is the 
average radius observed on the cylinder measured via 
noncontact HD-LA data. These 50 LD-HA points were placed 
considering a Latin hypercube sampling. A random noise in 
all the x, y, and z directions with a null mean and variance 
equal to 0.0001 was added to represent measurement error of 
the contact system. The discrepancy map obtained by fusing 
the (simulated) LD-HA contact and the (real) HD-LA 
contactless data sets is shown in Fig. 13. As clear from Figure 
14, data fusion allows one to define zones of the workpiece 
where the HD-LA data are biased, i.e., have a systematic 
error. This discrepancy map allows one to “correct” via data 
fusion the HD-LA data set, i.e. apply local corrections to the 
HD-LA data to achieve accuracy of the LD-HA data almost 
everywhere.  
 
(a) 
 
(b) 
 
(c) 
Fig. 6. Gamesa gearbox (a) first positioning (b) Cylinder A and (c) Cylinder 
B 
4. Summary  
This paper described a new integrated approach for data 
fusion from multi-resolution multi-sensors. The POI approach 
was used for merging sparse LD-HA data with dense HD-LA 
data, where The HD-LA data was modified by applying the 
correcting function that is based on a statistical model. The 
join approach has some major advantages: (a) integrating 
emerging and traditional inspection technologies such as 
CMM and laser scanner; (b) integrating unlimited number and 
types of sensors; (c) adaptive adding of diverse data with 
different accuracies; (d) merging multi-resolution data into a 
hierarchical model. 
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(a) 
 
(b) 
Fig. 7. Gearbox - Cylinder A: (a) Discrepancy map [mm] (b); A detail of the 
discrepancy map which is shown on a cylinder quarter 
 
 
Fig. 8. Gearbox- Cylinder B: Discrepancy map [mm] 
 
Fig. 9. Radii observed at different heights as a function of the angular position 
for the HD point clouds. Grey zones represent the borders between the four  
HD point clouds. 
 
 
Fig. 10.Representation of the cylindrical surface in cylindrical coordinates 
(only 1000 LD data points selected according to a latin –hypercube sampling 
are shown).  
 
Fig. 11. After registration: Representation of the cylindrical surface in 
cylindrical coordinates. 
 
Fig. 12. Radii observed at different height as a function of the angular 
position before and after the registration procedure 
 
Fig. 13. Discrepancy map of real contactless and simulated contact data. 
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In the future, performance can be improved by using a 
hierarchical data structure for efficient storage and fast 
neighbor searching. Moreover, additional information, such as 
normals and color from the multi-sensors, can be 
incorporated. 
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